Abstract. Meditation practice is a non-pharmacological intervention that provides both physical and mental benefits. It has generated much neuroscientific interest in its effects on brain activity. Spontaneous brain activity can be measured by electroencephalography (EEG). Spectral powers of EEG signals are routinely mapped on a topographic layout of channels to visualize spatial variations within a certain frequency range. In this paper, we propose a node-based network filtration to model the spatial distribution of an EEG topographic power map via its dynamic local connectivity with respect to a changing scale. We compare topological features of the network filtrations between long-term meditators and mediation-naïve practitioners to investigate if long-term meditation practice changes power patterns in the brain.
Introduction
Meditation is a set of mental training regimes widely practiced for its claimed benefits to physical and mental health. The investigation of spontaneous brain activity during resting state or practice, is a sensitive approach to identify neuroplastic changes induced by meditation practice [2] . Electroencephalogram (EEG) is an important imaging modality for exploring the neuroplastic effects of meditation under various experimental conditions. In these studies, spectral powers of EEG signals are routinely mapped on a topographic layout of channels to visualize spatial variations within a certain frequency range. Topographic difference in spectral powers indicates configuration change in the brain's active neuronal sources. It is thus important to establish a statistical framework for comparing topographic power maps in the study of neuroplastic effect of longterm meditation practice.
Statistical inference of EEG topographic power maps is typically based on the mass univariate approach with multiple node-level testing [7] . This approach does not account for the network topology in the topography of the power map. Alternative statistical methods more commonly applied to electric potential maps include microstate analysis [1] and cluster-based inference [8] . But microstate analysis uses a global dissimilarity index based on node-level mean difference and variance rather than network topology in the topography. Cluster-based methods often require threshold selection which may result in bias and inconsistency [9, 5] .
In this paper, we propose a node-based network filtration for modeling the spatial distribution of an EEG topographic power map. Each EEG power map is modeled as an undirected network on a triangulation of the map, with node weights defined from denoised frequency powers. We binarize the network by thresholding the node weights, and obtain the network filtration -a nested sequence of binary networks -as we vary the threshold. A topological feature of the filtration is then incorporated in a permutation test for group difference between the maps. Simulation studies show evidence that the proposed framework is robust to scaling and translation of maps and sensitive to translation in opposite directions resulting in map spatial difference. The proposed framework is also applied to compare the topographic power maps of long-term meditators and meditation naïve practitioners.
The methodological contributions of this paper are: 1) we propose a nodebased network filtration for quantifying the spatial distribution of an EEG topographic power map; 2) we use the node-based network filtration to make spatial comparison of two groups of EEG power maps.
Methods
Our goal is to compare spatial distribution of EEG power maps in meditators and novices. We first briefly describe a spatial denoising procedure on a power map. We then characterize the spatial distribution of the denoised power map through a sequence of binary networks constructed on the map. EEG topographic power map. Signal at each of the c observed EEG channels v 1 , v 2 , . . . , v c is decomposed into frequency components by Fourier transform. The strengths of the frequency components within a certain range are measured by integrating the power spectral density (PSD). Here we estimate the PSD of the EEG signal at each channel by Welch's method of modified periodogram: divide a signal into overlapping segments and then average the modified periodograms computed on all the segments to obtain a PSD estimate with reduced variance than the usual periodogram [10] . We denote the topographic map of the PSDs at c EEG channels by f = (f 1 , . . . , f c ), where the index follows the EEG channel labels.
Spatial denoising. We then spatially denoise the topographic power map f of each subject at a particular frequency band. We model the topography of f as an undirected graph G = {V, E} with the node set
of the c EEG channels and the edge set with no orientation
where T V is the Delaunay triangulation built on V and ∼ denotes neighbors in
with the adjacency matrix A = (a ij ), there are up to c unique eigenvectors
with 0 ≤ γ 1 ≤ γ 2 ≤ · · · ≤ γ c . These eigenvectors are orthonormal, i.e., ψ i ψ j = δ ij -the Kronecker's delta. The first eigenvector is trivial:
. All other eigenvalues and eigenvectors are analytically unknown and need to be numerically computed.
Once we obtain eigenvectors ψ j satisfying (1) on the Delaunay triangulation T V , the heat kernel estimate for the power map f is given by
where K σ = c j=1 e −γj σ ψ j ψ j is the discrete heat kernel and ζ j = f ψ j = ψ j f , j = 1, . . . , c, are the Fourier coefficients with respect to the basis {ψ 1 , . . . , ψ c }. The parameter σ is the heat kernel bandwidth and it modulates the extent of denoising.
Quantifying the spatial distribution of a power map. We define a node-weighted network on the map through G = {V, E}, with the node weights
assumed to be unique. With respect to an arbitrary threshold λ ∈ R, we define a binary network
be the order statistics of the unique node weights w 1 , w 2 , . . . , w c of G. Setting λ in the order of λ 1 , λ 2 , · · · , λ c yields a sequence of subsets of G:
which we call a node-based network filtration.
Note that the filtration (3) is not affected by relabeling of the EEG channels, since the order statistics λ i = w (i) , i = 1, . . . , c, remain the same regardless of the channel labels. Each G λ in (3) consists of clusters of nodes; as λ increases, clusters appear and later merge with existing clusters. The pattern of changing clusters in (3) has the following key properties.
1) For all
. . , c − 1; in other words, the filtration (3) is maximal in the sense that no more G λ can be added to it.
2) As λ increases from λ i to λ i+1 , only the node v i+1 that corresponds to the weight λ i+1 is added in V λi+1 .
3) Define a local minimum (maximum) λ i as
where v i and v j are nodes that correspond to the weights λ i and λ j . New cluster of nodes emerge in G λi at a local minimum λ i and merge with other clusters at a local maximum λ i . Here we assume that we do not encounter the case where
Properties 1) and 2) hold because the λ i , i = 1, . . . , c account for all the unique node weights w i , i = 1, . . . , c. Property 3) holds for local minimum λ i because all the neighboring nodes v j of v i are not included in G λi , hence v i emerges as a standalone cluster in G λi ; for local maximum λ i , clusters to which the v j are connected are joined by v i in G λi .
We illustrate the filtration (3) on a 6-channel EEG layout in the international 10-20 system (Figure 1 ). We first build up the Delaunay triangulation over the 6-channel layout (Figure 1 ). Node weights are the powers at the EEG channels. At each filtration value λ, we include the nodes and edges with weights less than or equal to λ. The clusters change as λ increases.
Topological permutation test. We use a topological feature to summarize the changing connectivity in the sequence of binary networks. The 0th Betti number β 0 counts the number of clusters in a network [4] . In this paper we define the 0th Betti function at λ 1 ≤ · · · ≤ λ m as the sequence of 0th Betti numbers (β 1,2,1,1,1) .
Same spatial distribution implies the same node-based network filtration, hence the same 0th Betti function. To statistically compare the spatial distribution of two groups of denoised power maps, we test the null hypothesis that there is no difference between the respective mean 0th Betti functionsβ at fixed m filtration values λ 1 , . . . , λ m . To test the null hypothesis (4), we first compute the 2 distance
between the respective group means
of the 0th Betti functions of the node-based network filtrations characterizing the denoised power maps in Group 1 and 2. Then the labels of the two groups undergo repeated random exchanges. At each label exchange, the 2 (β 
Simulations
We use simulations to evaluate how well the proposed topological permutation test detects difference in the spatial distribution of two groups of power maps. were recorded with a 256-channel hdEEG system (Electrical Geodesics Inc., Eugene, OR). Signals bandpass filtered (1-50 Hz), and independent component analysis was used to remove ocular and muscle artifacts in the signals. More pre-processing details can be found in [3] . The participants undergo 3 sessions of recording: a baseline session, and one session each after two days of Vipassana (mindfulness) and Metta (compassion) meditations. We analyze the baseline session for unconfounded effect of long-term meditation practice. Also, we focus on the high-frequency bands β and γ of the EEGs since high frequency has been shown to positively correlate with meditation experience [6] .
Topological permutation test. After heat kernel denoising with a moderate bandwidth σ = 0.5 for the noise level in the data, we normalize each power map by a z-score transformation across all channels. We then compare the normalized denoised power maps of the LTMs and MNPs in the high-frequency β (15-25 Hz) and γ (25-40 Hz) bands by the proposed permutation test. For β band in sleep cycle 1, the node-based network filtrations of the average normalized maps in both groups are shown in Figure 2 (left). The closure of clusters is distinctly faster in the average LTM map as λ increases. Figure 2 (right top) shows the average β 0 functions of LTMs and MNPs in the β band of sleep cycle 1. The LTM function is below the MNP function throughout the range of λ values, meaning that on average the LTMs have fewer clusters than the MNPs. This implies that the LTM power maps having more coherent spatial distribution, as nodes with similar powers get connected in a smaller window of λ than those with more varied powers.
Comparison with maximum t-statistic test. The table of p-values in Figure 2 provides comparison between results of the proposed and maximum t-statistic permutation test. The only place where the proposed test shows significant topological difference is the β band in sleep cycle 1, whereas the maximum t-statistic test shows significant difference between LTM and MNP in four out of six categories. Due to sensitivity shown by the maximum t-statistic approach in simulations, it is possible that we are getting signals from non-topological difference between the two groups of power maps.
Discussion
In this paper, the spatial distribution of an EEG topographic power map is quantified through a novel node-based network filtration. We use the network filtration to compare the spatial distribution of EEG power maps in long-term meditators and meditation naïve practitioners. The results show that the meditators have on average fewer clusters, thus a more coherent spatial distribution, than novices in the early stage of NREM sleep.
In EEG analysis, a general concern is that the scalp signal at each electrode is a weighted sum of the signal generated by all cortical sources. For future research, we will also explore an unmixing procedure such as working in source space after applying a distributed solution and analyzing selected independent components. It will provide deeper insight into the underlying neurophysiological dynamics that the topological network analysis has the potential to capture.
